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Abstract: Lifelong learners who select learning activities to attain certain 
learning goals need to know which are suitable and in which sequence 
they should be performed. Learners need support in this way-finding 
process, and we argue that this could be provided by using Personalised 
Recommender Systems (PRSs). To enable personalisation, collaborative 
filtering could use information about learners and learning activities, since their 
alignment contributes to learning efficiency. A model for way-finding presents 
personalised recommendations in relation to information about learning goals, 
learning activities and learners. A PRS has been developed according to this 
model, and recommends to learners the best next learning activities. Both 
model and system combine social-based (i.e., completion data from other 
learners) and information-based (i.e., metadata from learner profiles and 
learning activities) approaches to recommend the best next learning activity to 
be completed. 
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1 Introduction 
Most curricula have been designed carefully by professionals in the field. It has been the 
learners’ main task to follow the sequence that was designed in the curriculum. It is 
questionable whether available curricula contain the most suitable order for each learner. 
Besides, from a lifelong learning perspective, learners will not just follow available 
curricula. At various stages of their lives they will face the task of selecting and mixing 
both formal and informal learning activities, taken from different sources (like the 
internet, peer discussions or training courses). In the absence of any ‘designed order’ of a 
curriculum, it will be hard to select and sequence the right learning activities. Learners’ 
problems in ‘way-finding’ (the process of selecting and sequencing learning activities, 
which we consider synonymous to ‘navigation’) will decrease the efficiency of education 
provision (the ratio of output to input) and increase the cost. For instance, Dutch Open 
University students reported a lack of adequate information on study possibilities at an 
early stage of study, and problems in getting a good overview of the number and best 
sequence to study modules (Joosten and Poelmans, 1998).  
Even within the context of one institution, this way-finding problem seems to be 
caused by inadequate and incomplete information rather than by lack of information. 
Impersonal and inadequate course selection and sequencing guidance by institutions may 
be held partially accountable for early drop-out rates, as, for instance, 21% of British 
Open University students reported (Simpson, 2004). This way-finding problem will 
become even more urgent within the context of distributed lifelong learning networks 
(Koper and Sloep, 2003). Such networks will require learners to make well-informed 
choices from the vast amount of learning activities on offer from various sources. When 
lifelong learners can choose learning activities from a greater variety from different 
providers, traditional institutional facilities like course catalogues or face-to-face study 
advice no longer offer adequate guidance. 
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Learners need personalised advice when (suitable) curricula are not available. 
Although research reveals a relation between advice and drop-out rates, advice appears to 
be just one of many factors (Rovai, 2003). There may be other alternatives to costly 
face-to-face advice (e.g., domain-specific diagnostic self-tests), but this article focuses on 
Personalised Recommender Systems (PRS) as a promising solution. We explore the 
potential of such systems, which are based on collaborative filtering information from 
other learners (also called indirect social navigation) in combination with information 
about learning activities and learners (e.g., needs and preferences). These systems 
provide learners with individualised way-finding advice on suitable learning activities 
and paths towards certain learning goals, like the attainment of competences. This 
social-based approach and the combination with the information-based approach have 
hardly been applied in learning (Herlocker et al., 2004).  
The second section of this article describes related work on recommender systems, 
and discusses which learning technologies and information-matching techniques are 
needed to enable personalisation. The third section presents a model for way-finding in 
learning, with personalised recommendations based on social- and information-based 
approaches, as well as a PRS that was developed according to this combined approach. 
The feasibility and future research issues when combining these prediction techniques 
will be discussed in the fourth and final section.  
2 Personalised recommendation on sequencing learning activities 
We start this section by describing related work on personalised recommendation 
(Section 2.1). Current limitations will be addressed, and personalisation will be 
proposed as a (partial) solution (Section 2.2). Learning technologies (Section 2.3) and 
information-matching techniques (Section 2.4) that would enable such personalisation are 
then discussed. 
2.1 Related work 
Most readers will already be familiar with recommender systems that offer advice to 
potential online buyers of books, movies or music (e.g., amazon.com). Such applications 
are based on the collaborative filtering of information obtained from other buyers (‘others 
that bought this book, also bought these books:’). Some even take ratings or tagged 
interests by individual users into account (‘others that like Tarantino as director, also like 
these directors:’). Review studies do not mention personalised recommender systems in 
learning (e.g., Herlocker et al., 2004). The educational field imposes some specific 
demands on the advice required. The main differences between selecting books for 
reading and selecting learning activities for study are the degree of voluntariness (as most 
learning activities are required to obtain some learning goal), and the possibility to 
establish an explicit completion (as most learning activities are to be assessed for 
successful completion). Such differences impact the learner’s motivation, and the way 
personalised recommendations for learning activities should be provided. 
An exploratory study of a recommender system, using collaborative filtering to 
support (virtual) learners in a learning network, has been reported by Koper (2005). He 
simulated rules for increasing/decreasing motivation and some other disturbance factors 
in learning networks, using the Netlogo tool. Learners had to complete a certain set of 
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learning activities, and after each completion were ‘set’ to complete the best next learning 
activity, based on the successful completion of next learning activities by others. 
Amongst other factors, the provision of this indirect social navigation accounted for 
about 5% to 12% of the increase in goal attainment (completion of the set), depending on 
the ‘matching error’. This interaction effect shows that recommendations compensate for 
bad matching. 
Closely related to this study is an experiment reported by Janssen et al. (2007). The 
authors offered learners a similar recommendation (‘Most successful learners continued 
with Y after having completed X’). The recommendations did not take personal 
characteristics of learners (or possible ‘matching error’) into account. This indirect social 
navigation tool appeared to enhance effectiveness in a learning network (completion of 
the set of learning activities), but it did not increase efficiency (the time it took to 
complete them). Results showed that 40,2% of the learners who were offered 
recommendations completed the learning activities, whereas this portion was only 33,4% 
for those learners who were not offered recommendations; this difference implies that the 
contribution of recommendations to goal attainment was 6,8%. 
2.2 Current limitations and possible solutions 
Although the first results of applying recommender systems for sequencing learning 
activities appear promising, the effects appear relatively small, and to base 
recommendations on collaborative filtering information about completions only would be 
too limited. In the simulation study reported by Koper (2005), ‘matching error’ was 
limited to competence levels of learners and learning activities. Mismatching can also 
occur on other learner characteristics such as personal needs, preferences and 
circumstances. For instance, Bocchi et al. (2004) found that student-profile 
characteristics accounted for about 30% of retention rates in an online MBA programme. 
While the aim of the Janssen et al. (2007) study was to recommend the most efficient 
learning paths (like the ‘shortest route’ provided by the GPS in your car), leaving the 
learner and learning activity characteristics out of scope, we also would need to explore 
which paths are most attractive or suitable (like the routes suited for bicycling). PRSs 
filter specific data from learning activities and learners that fit individual needs, interests, 
preferences or circumstances. 
There are also more technical limitations to collaborative filtering. Collaborative 
filtering relies on large numbers of users explicitly rating or completing learning 
activities. When recommendations would solely depend on collaborative filtering, new or 
few learners (when it is hard to find similar users or when just a few users have rated the 
same items) would be seriously handicapped by ‘cold-start’ problems. Furthermore, the 
events registered in common log files format (as defined by W3C) are extremely low 
level, which complicates further analysis and more clear-cut decisions that might be 
required in more formal learning curricula (e.g., only learning activities of certain types 
are allowed, or only grades above a certain threshold are considered sufficient for their 
completion). This makes it difficult to know which (type of) users are interacting (since 
only IP addresses are logged) and what (type of) interactions they are engaged in (since 
only URLs are logged). 
One possible solution to (partially) address these limitations is to enhance the logs 
with additional information drawn from more or less formal descriptions about which 
learner did what and whether this was successful (Oberle et al., 2003). Especially 
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with a small number of learners, more information is required for exact matching of 
learners and activities in formal learning programmes, and more information-based (or 
even ontology-based) approaches will come into play. Using more structured but less 
formalised methods to describe learner profiles, competences and learning activities 
(like structured metadata or controlled vocabularies) might offer a more feasible 
and intermediate position. Such structured descriptions can be the basis for 
standardisation through open Learning Technology (LT) specifications (see Figure 1). 
Using LT specifications, and combining social-based with information-based approaches 
to match learners and learning activities, might be an approach to way-finding 
that addresses the cradle-to-grave challenge posed by both formal and informal 
lifelong learning. 
Figure 1 Social-based versus information-based approaches 
 
2.3 Learning technology specifications 
Three concepts are closely related to personalised recommendation for learning in a 
certain domain: learner’s starting position in that domain (based on learner’s prior 
learning history and learner profile), the aimed competence profile for that domain, and 
the learning path towards that competence (also called the Competence Development 
Programme). Way-finding or navigation processes are about selecting and sequencing 
available learning activities into an individualised learning path. A learning path 
describes possible combinations of learning activities leading to the achievement of 
the competence. 
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Therefore, personalised recommendation in learning needs to combine and use the 
following pieces of the learning technology puzzle (to be further addressed in the 
remainder of this subsection): uniform and meaningful description of formal and 
informal learning paths; learning activities that are addressable and meaningfully 
described; uniform learner profiles that define needs and preferences; uniform 
competence description that defines proficiency levels that can be inferred from learner 
profiles; a learning path-processing engine able to compute what remains to be done by 
the learner to acquire the competence profile; an engine recording the completion of 
activities and propagating this to associated systems; and information-matching 
techniques to enable personalised recommendations. To exchange competences and 
recommend learning activities and learning paths to learners in an interoperable way, we 
will first need learning technology specifications that describe these concepts in a 
uniform and meaningful way. 
2.3.1 Learning path description 
If all providers would use a common language to describe their learning programmes 
and activities, PRSs could better support learners deciding between various paths to reach 
aimed competences. But unfortunately, no such commonly used specification exists. A 
number of existing approaches to (formal) curriculum modelling (e.g., CDM, 2004; 
XRCI, 2006), together with additional requirements for a learning path description, are 
needed to enable personalised recommendation. Tattersall et al. (2007) propose 
IMS-LD (2003), a specification for modelling learning activities, as a strong candidate to 
model learning paths as well, and demonstrate that its selection and sequencing 
constructs appear suitable on both the level of learning activities (units-of-learning) as 
well as on higher levels of granularity (like competence development programmes). They 
note that, in addition to the curriculum-structuring concepts covered by IMS-LD, other 
information will be required to provide learners with more personalised advice on 
learning content. 
2.3.2 Learner profile description 
Describing and recording a learner’s history and profile becomes of crucial importance to 
lifelong learning. Competences are not only attained through formal education, but also 
through work, at home or in any other context where problem solving takes place. 
Currently, educational providers have little possibility of adapting their formal 
programmes by accounting for individual needs and preferences or prior knowledge 
attained through other (formal) education. It becomes even harder for them if they are 
asked to take into consideration competences acquired through less formal or informal 
learning. Uniformity in assessment (to measure and accredit) and e-portfolios (to store) 
to enable this in the future constitute a research field on their own. The IMS Learner 
Information Package (IMS-LIP, 2001) and ePortfolio (IMS-ePortfolio, 2004) 
specifications ensure the exchange of learner records, by linking to produced artefacts 
and formal achievement records like references. Fields describing learner information are 
open and optional, so these specifications do not provide classifications of specific 
learner information that are easy to interpret uniformly. 
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2.3.3 Competence description 
Cheetham and Chivers (2005) define competences as the integrated application of 
knowledge, skills (or competences), experience, contacts, external resources and tools 
to solve problems at a certain level of performance in a certain occupation or any 
other context. According to this definition, competence is related to three dimensions: 
the type of competence (i.e., cognitive, functional, personal, professional or ethical); 
an occupation or performance context; and the proficiency level of a person with respect 
to an occupation or context. The IMS Reusable Definition of Competency or Educational 
Objectives (IMS-RDCEO, 2002) and the IEEE Reusable Competency Definitions 
(IEEE-RCD, 2006) specifications do not have much semantic value, since they simply 
attach IDs for a registry and URIs, and reference only to more controlled models. The 
HR-XML consortium (2006) goes one step further in the description of a competence and 
includes classes (as free text fields) where ‘evidence’ (with reference to learner portfolio) 
and ‘proficiency level’ (complexity, intensity, quantity) can be described. We suggest 
that a competence description should at least include an interoperable classification of 
type of competence and proficiency level. Sicilia (2005) proposes the formalism of 
ontologies to express more details in competence schemas, in order to be connected to 
learner profiles and learning activities. Matching learning activities to the right learners 
requires ontological structures and meaningful descriptions of competences in a registry 
(Ng et al., 2005). 
2.4 Information-matching techniques 
Information-matching or recommendation techniques work with two entities: users 
and items. Elements of both entities are associated with a profile carrying certain 
characteristics. The utility of an item (i.e., learning activity) to a user (i.e., learner) 
is usually represented by a rating function R: Users x Items Æ Ratings, and 
recommendations are estimated ratings for items which have not been ‘seen’ (i.e., 
enrolled, rated, successfully completed) by the user. Within information-matching 
techniques a distinction is made between information-based approaches (based on 
learning technology standardisation, metadata and semantic web efforts) and social-based 
approaches (based on data mining, social software and collaborative filtering) 
(Balabanovic and Shoham, 1997; Van Setten, 2005). Main benefits and drawbacks of 
these approaches for personalised recommendation will now be described, although an 
in-depth treatment of specific prediction techniques and algorithms involved has to 
remain out of scope here. Figure 1 depicts the relation between the two approaches, the 
type of learning (formal versus informal) and the formalisation of information (imposed 
from the top downwards versus emerging from the bottom upwards).  
2.4.1 Information-based approaches 
Information-based approaches may use certain keywords or metadata which hold 
knowledge about certain characteristics of the learners and learning activities. The system 
then keeps track of items the user was previously interested in, and recommends items 
with similar or related keywords or metadata. Similarity of items is calculated with 
techniques based on item-to-item correlation that may use keywords in documents 
(Schafer et al., 1999). Ontological modelling has the immense (potential) advantage 
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of exact-matching competence descriptions in the learner profile (user model) with 
available competence development programmes (domain model), sharing a common 
understanding in a machine-readable way. Exact matching is often required in more 
formal learning situations. 
Examples of modelling learners, tutors and learner-tutor interaction can be found in 
Intelligent Tutoring Systems (ITS), where researchers have strived to provide better 
sequences of tutoring actions by including ‘instructional planning’ mechanisms 
(e.g., VanLehn, 1988; Reiser and Dick, 1996). Knowledge planners use such models to 
input planning schemes that control decision making. Planning then becomes deciding on 
which schema, operators and prerequisites to use. Although such knowledge planners 
would use both top-down and bottom-up information (from actual user behaviour), we 
consider this approach to be mainly information based since there is an intimate 
relationship between the information used to make instructional planning decisions and 
the learner model (Frasson et al., 1992).  
A serious drawback of modelling is the enormous amount of work in enriching 
resources with metadata and the arbitrary character of such models. For example, 
the main problems in instructional planning were caused by limitations to learner 
modelling. A second limitation is the inability to analyse and capture all important 
characteristics of the content (e.g., how to distinguish an excellent from a poor article that 
are using the same keywords). Most categories we employ in life are based on fuzzy 
concepts rather than on objective rules (e.g., Where’s the line between good and 
excellent? Do we really care about the subtle distinctions in wine-tasting?) (Morville, 
2005). A third drawback is caused by the fact that words in the form of metadata are 
ambiguous. Our language is filled with synonyms, homonyms, acronyms and even 
contranyms (words with contradictory meanings in various contexts). In retrieval, the 
forces of discrimination and description are battling, with full-text search being biased 
towards description (finding general words with many meanings) (like with Google; see 
Brin and Page, 1998), and unique identifiers (like with an ID number of each competence 
in a registry; see IMS-RDCEO, 2002) offering perfect discrimination but no descriptive 
value whatsoever.  
It will be neither possible nor necessary to fully model learning networks, but 
certain levels in formalising information can be distinguished. Ontologies describe 
how concepts of the world are related and represented using formal relations. An 
ontology is a rather strict formalisation into a machine-readable format consisting of 
entities, attributes, relationships and axioms (Guarino and Giaretta, 1995). Taxonomies 
can be considered a special kind of ontology. They are hierarchical structures of names 
and descriptions. There are also semiformalisations holding the middle ground: 
structured metadata fields (with headers like title, domain, provider of the activity), 
facetted classifications, which permit the assigning of multiple classifications to an object 
and the accommodating of way-finding that varies by user and task, and controlled 
vocabularies (e.g., fixed categories, keyword lists, audiences) that try to control the 
language ambiguity. 
In learning networks the information-based approach to way-finding has remained 
scarce. Buzza et al. (2004) propose a controlled vocabulary to search for learning designs 
from a limitless collection of units-of-learning modelled in IMS-LD. Their prototypical 
learning designs search engine can search on keywords, discipline, delivery mode (i.e., 
face-to-face, online, blended) and educational rationale (i.e., anchoring knowledge, 
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developing motivation, applying theory, monitoring comprehension, adapting to task 
difficulty, collaborating, engaging in self-evaluation, reflecting, thinking critically). A 
good starting point for a facetted classification for learning could be existing frameworks 
(e.g., offered by the AERA or the APA). 
2.4.2 Social-based approaches 
The big advantage of social-based approaches is that they are completely independent of 
the representation of knowledge in domain or user models. Instead of recommending to a 
specific user the items similar to his/her previously liked items, this approach 
recommends the items liked by other users in similar situations or with similar 
preferences (‘peer groups’). It uses peer opinions to predict the interests of others, and 
matches users against the database to discover historically similar tastes. It avoids the 
enormous amount of work involved in enriching resources.  
A serious drawback of recommendations based on collaborative filtering is their 
limited value for new or few users, that is, when it is hard to find similar users or when 
just a few users have rated the same items, or when no content is available about already 
attained competences. Clustering may then be an alternative to solve this sparsity 
problem (Agarwal et al., 2006). Collaborative filtering techniques also suffer from 
serious limitations when exact matching is required, and when competences in 
domains go beyond the verbal realm (e.g., hard-to-express communication or motor 
skills). Although collaborative filtering has been considered a mainstream technique for 
recommender systems, applications with actual learning-behaviour data for 
recommending learners have remained scarce.  
In order to better match learners and learning activities, it is possible to compute 
the similarity between pairs of learners and recommend other yet unaccessed 
learning activities. For instance, Li et al. (2005) combine item-based and user-based 
collaborative filtering, based on content information and ratings at the same time, which 
makes it possible to alleviate both sparsity and cold-start problems at the same time. For 
instance, when a database of learning activities contains both the ratings of peers 
(user-based) and tags describing pedagogical taste (item-based, e.g., programmed 
instruction or problem-based learning), it becomes possible to personally recommend 
items targeting the taste of users, which will be apparent from their history of rating. 
3 Model and personalised recommender system for sequencing 
learning activities 
As described before, the goal of a PRS for way-finding in a learning network is to 
support the learner to compose the most suitable sequences of learning activities to attain 
competences. A model for way-finding (Section 3.1) and a PRS implemented according 
to this model (Section 3.2) will be presented. 
3.1 A model for way-finding 
A model for way-finding in learning networks is depicted in Figure 2. The model 
is called initial because concrete attributes of the classes are to be decided upon and 
validated (denoted by ‘…’), as well as the interfaces with services and specifications. The 
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model is a partial elaboration of the more general TENCompetence domain 
model,1 and focuses on the most relevant classes for personalised recommendations 
on sequencing. 
Figure 2 Initial model for adaptive way-finding in learning networks 
 
According to the model (classes between square brackets), an [Actor] (the role of which 
can be ‘learner’) has a learning [Goal] (of the type ‘competence’) that makes him/her 
perform actions. Characteristics of an actor (like study time, study motive, study interest) 
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can be modelled according to the IMS-ePortfolio (2004) specification. [Actions] can be 
aimed at the acquisition of certain competences. When such an action is completed with 
an [Assessment Result] available, one can infer whether the [Competence] has been 
mastered at a certain [Proficiency Level]. Actions can include learning paths (named 
[CDP]), [Units of Learning] (modelled in IMS-LD), [Activities] (not modelled in 
IMS-LD) and [Knowledge Resources]. A unit of learning depicts the flow of activities 
that a learner needs to follow in order to reach certain learning goals, giving certain 
prerequisites. (Please note that in the remainder of this article, we simply use the term 
‘learning activities’ to denote both units that are and are not modelled in IMS-LD.) A 
learning path is an ordered set of actions, activities and/or units of learning that can be 
followed in order to acquire a competence with a certain proficiency level. Learning 
paths can include selections or sequences of ‘learning activities’ (units of learning or 
activities), as well as conditions for their composition; attributes of a learning path can be 
modelled according to a learning path specification. 
The core of this way-finding model is constituted by the [Recommender Service], 
where relevant information (from the classes just described) will be updated, integrated 
and matched to create personalised recommendations. Depending on the learning 
situation (e.g., formal versus informal learning), a ‘recommendation strategy’ can be 
selected (e.g., more or less formalised information) by a [Recommendation Engine]. This 
engine takes into account learner positioning and profile information for each [Current 
Learner] (information-based) and/or for each [Learner Group] (social-based). The 
[Learner Group] class calculates and generates data about similar learners, in order to 
provide the engine with necessary matching information about the ‘peer group’. The 
[Learner] class gathers all required data about learners (actors with this role) from an 
interface layer to a positioning service (left out of the scope of this model, leaving the 
feedback from the [Position] class null) and the [Profile] information. All positioning and 
profile information will be continuously updated when learning activities are completed 
(using the [Process Log] information) or when the ePortfolio is changed. The learner data 
is either (subjectively) provided or adapted by the learner, or (objectively) collected by 
the TENCompetence system. 
3.2 Experimentation with the system 
A first ‘proof of concept’ version of a PRS has been developed according to the 
combined approach and model sketched above. This system currently under study 
does not yet apply rating or free tagging of learning activities, and is limited to fixed 
learner-profile metadata in a simple ontology. The system stores fixed metadata about 
the subdomain of the learning activities. Figure 3 shows the study task overview 
screen of the system with information about learning activities and an advice button 
for a personalised recommendation on the best next learning activity (i.e., study task) 
to complete. 
The study task overview shows to the students the learning activities (which have 
been implemented as Moodle courses) they are not yet enrolled for, those they have 
already started studying and those they have already successfully completed (in three 
columns). The current implementation of the system is limited to a fixed set of 18 formal 
learning activities that constitute an Introductory Psychology course from one provider. 
On average, each of these learning activities will take students around 13 hours to study, 
so students need around 240 hours to attain the aimed competence profile on the 
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introductory level. The personalised recommendation for the best next learning activity 
to take will take learner profile information into account. In their profile, learners must 
select from available structured metadata on three learner characteristics that constitute a 
simple learner ontology. We have chosen to experiment with factors that have appeared 
predictive for study success (according to our psychology advice practice): available 
study time, study motive and study domain interest. On the highest level of analysis these 
characteristics are classified on the following three dichotomies: less or more than ten 
hours a week available for study; intrinsically or extrinsically motivated; and interest in 
‘experimental’ or ‘environmental’ subdomains of psychology. These yield eight ‘peer 
groups’. Collaborative filtering can be provided once results on successfully completed 
activities by similar peers become available. 
Figure 3 Personalised recommendation system: overview page 
At the moment of writing (February 2007), Introductory Psychology students of the 
OUNL have interacted with the first pilot implementation of the system during a period 
of 17 weeks. An experimental group received personalised recommendations on 
sequencing, while an (equally sized and randomly allocated) control group received no 
such recommendations. At face validity, the preliminary results appear promising, 
although we emphasise that statistical analyses have not yet been carried out. When we 
consider the combination of prediction techniques, we notice a gradual increase in 
recommendations based on collaborative filtering, as was intended (see Figure 4). After 
5, 9, 13 and 17 weeks, 7%, 25%, 33% and 37% of the recommendations were based on 
collaborative behaviour, with a total of 379 recommendations having been provided at 
the end. 
When we consider the amount of completed learning activities as an important 
indicator of effectiveness, we notice this (cumulative) amount being consistently higher 
for the group receiving recommendations. After 5, 9, 13 and 17 weeks, the experimental 
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group had completed 24%, 22%, 19% and 16% more activities when compared to the 
control group, with a total of 434 activities having been completed at the end of the 
pilot period. 
Figure 4 Counts (cumulative) of recommendations based on ontology and collaborative filtering 
at weekly checkpoints (n = 17) 
 
More specific information about the method and results of this and consecutive studies 
will be published when experimental data have been analysed in more detail. This and 
consecutive versions of PRSs will be validated both in authentic field experiments and 
simulation studies. 
4 Discussion, conclusions and future research 
From a self-organisational point of view, it would be ideal if way-finding would 
emerge as a result of (in)direct interactions between members of the learning network, 
without being dependent on formalised descriptions in domain and user models. In ant 
colonies, a process known as stigmergy (Theraulaz and Bonabeau, 1999) is responsible 
for causing effective organisations and structures to emerge. Ants leave traces that 
influence the behaviour of others. The simulation reported by Koper (2005) and the 
experiment reported by Janssen et al. (2007) indicated that such indirect social navigation 
might work as the main mechanism for providing recommendations for sequencing 
(informal) learning activities. Limitations of these studies and collaborative filtering were 
discussed. The combination of social- and information-based approaches was presented 
in both a general model for way-finding and a specific PRS. Especially when more 
specific information is required for exact matching of learners and (formal) learning 
activities, more information-based (or even ontology-based) approaches will have to 
come into play. This last section discusses the feasibility of such a combination, some 
conclusions and future research issues.  
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4.1 Discussion 
Research groups working on social- and information-based prediction techniques appear 
fragmented, and specialisation has led to a divergence of vision and vocabulary. When 
groups interact, they often talk past one another without translating or cooperating. The 
most renowned groups appear to be the group led by Tim Berners-Lee, which is working 
along the lines of the semantic web (top-down, provider-oriented, using ontologies and 
fixed taxonomies), and the group with strong advocates like Clay Shirky and David 
Weinberger, which works along the lines of social software and collaborative filtering 
(bottom-up, user-oriented, using folksonomies and free tagging).  
The feasibility of such a complementary approach seems high when current 
limitations to each separate approach could be overcome. These fields of research do not 
necessarily have to be mutually exclusive. This complementary approach will be needed 
to cater to personalising recommendations in both informal and formal learning 
situations. Collaborative filtering will work fine for informal learning, where discrete 
measures and exact matching are not needed. For formal learning we need more 
formalised descriptions (using learning technology specification) of activities, 
competences and learner profiles. Metadata in the form of ontologies (semantic web) and 
folksonomies (social software) might bring both worlds together after all. 
4.2 Conclusions 
For learning networks, it was concluded that a ‘hybrid and layered metadata ecology’ 
may be ideal, where the slow layers (ontologies) provide stability and the fast layers 
(folksonomies) drive change. Semantic web tools and learning technology standards 
provide a solid semantic framework (infrastructure), where there is a need for more 
formal and explicit characteristics of learners and learning activities to be decided upon 
from the top down. Where there is a need for less formal and implicit characteristics, free 
tagging and folksonomies offer more flexible, adaptive user-feedback mechanisms to 
follow informal learning trends, emerging by serendipity and from the bottom up.  
The proposed model for adaptive way-finding in learning networks seems rather 
general and could essentially be further instantiated according to both user-oriented 
and tutor-oriented paradigms, like even traditional CAI/CMI systems or ITS. For 
instance, Elsom-Cook (1990) described various tutorial systems along a continuum of 
‘guided discovery tutoring’ that ranges from complete direction and control by the tutor 
(‘Socratic dialogue’ or coaching) to complete freedom of learning for the student 
(‘learning by/while doing’). Within this continuum, our work is positioned towards the 
user-controlled end. Individual and collaborative information is used to generate 
recommendations that help users make well-informed choices. Our work does not aim to 
control a specific structure of collaboration (like in CSCL) or sequence of learning 
activities by the system (like in CAI or ITS), with a tutor/expert in charge of supervising 
the sequencing of activities according to the achievements of students. 
According to the proposed model, we developed and tested a PRS within a formal, 
Introductory Psychology learning network, and preliminary results from this pilot 
study appear promising. We do acknowledge the limitations of focusing on a formal 
learning context with a fixed set of learning activities offered by one single institution. In 
such a situation, the learners’ freedom in composing individualised selections and 
sequences of formal learning activities will be restricted by several (institutional) 
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constraints and prerequisites. Besides, personalisation assumes there will be one most 
suitable learning path for each individual learner, whereas the personalisation process 
actually might be more of an optimisation process of self-guided behaviour. In more 
informal learning networks, the initial process of actively exploring and finding learning 
goals and learning opportunities might be more valuable than actually walking the 
learning path. Self-organisation assumes effective learning to simply emerge as active 
explorers learn from each other’s behaviour, which includes walking dead-end streets as 
well. Therefore, consecutive systems are planned to broaden and generalise our findings 
to learning networks with contributions from various providers that entail both formal 
and informal learning activities. 
4.3 Future research 
Consecutive studies have to examine ways to retrieve learner information as effortlessly 
and unobtrusively as possible. We do not have to burden professional, centralised 
indexers when ontologies could emerge entirely locally (some parts will be shared, some 
not, which is no big deal), and RDF vocabularies could be freely mixed together in a 
pragmatic way. For instance, as opposed to the semantics-based paradigm, McCalla 
(2004) proposes a pragmatics-based paradigm of tagging learning activities with learner 
information. Each time a learner interacts with a learning activity, the (current) learner 
model of that learner is attached to the learning activity. Which learner data will be mined 
for patterns of particular use depends on the learning situation. More refined reasoning 
and recommendations will be possible when more and more instances accumulate. In 
addition to these instances, more standardised metadata could be assigned by professional 
indexers whenever needed. This ecological approach allows pre-assigned metadata (from 
ontologies like IEEE-LOM) to be refined or changed based on inferences from end use 
(from folksonomies tagged by learners). 
Our roadmap for future research on this topic aims to also combine collaborative 
filtering with: 
• information that can emerge bottom-up by using rating or free tagging 
(folksonomies) of learning activities 
• information that can be distilled from more formalised descriptions (specifications) 
of competences, learner profiles and learning paths. 
Future research will also need to establish the added value of personalising 
recommendations. We need to actually measure the increase in progress (effectiveness), 
decrease in study time (efficiency) and appreciation of users (satisfaction). Where 
possible, such information could be automatically added when learners interact with 
learning activities. When more specific information about learners and learning activities 
is required, metadata should be pretagged according to some ontology of attributes. In 
order to collect required information, learners will have to be encouraged to 
(automatically) update their e-Portfolio or give ratings to (attributes of) the content. We 
will also need to establish the extent to which learners are willing to provide the 
necessary information about their personal needs and preferences. When they do not 
volunteer to do so or when otherwise considered necessary, the potential of incentive 
mechanisms (Hummel et al., 2005) could be considered to stimulate updating, tagging 
and rating. 
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